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ABSTRACT

In this paper we describethe BBN BYBLOS systemusedfor the
1999 Hub-4E 10xRT evaluation benchmark,and discussthe im-
provementanadeto thesystemin 1999.We focusonthetechniques
thatwerenew in thisyears systento achieve anoptimaltradeof be-
tweenaccurag andspeedor the evaluationbenchmarkest. Over-
all, weimprovedtherecognitionaccurag onthe 1998Hub-4Eeval-
uationtestby 14%relative to our 199810xRT system(from 17.1%
to 14.7%),or equivalently we spedup the 1998 Primarysystem24
times(from 240xRI to 10xRT) while maintainingthesameword er-
rorrate(14.7%).This progressvasattributedto improvementn fast
segmentatiorusingdual-bandanddual-gendephone-classnodels
basedbnRASTA-normalizedeaturessupervisedLLR adaptation
of band-limitedmodelsto real telephonetraining data,adaptation
betweendecodingpassesandvariousadaptatiorspeedups.

1. INTRODUCTION

The 1999BBN BYBLOS 10xRT broadcashews transcriptionsys-
temwasbasedon boththe 1998BYBLOS PrimarySystem[1] and
the 1998BYBLOS 10xRT system[2] with substantiaklgorithmic
improvementaswell assystemchange.Automatictranscriptionof
broadcashewsis achallengingspeechrecognitionproblembecause
of the frequentand unpredictablechangesthat occur in speakr,
speakingstyle, topic, channel,and backgrouncconditions. A suc-
cessfultranscriptionsystemnot only requiresto have robust mod-
els to deal with thesevariability, but also needsto have an effi-
cient sggmentationstratgy to breakthe continuousaudio stream
into manageablsmallersggments.In contrasto theslow sggmenta-
tion schemaleplgedin our 199810xRT systemthisyears system
usedanimproved segmentationalgorithmthat not only took much
lesstime but also could producebettersegmentswhich eventually
resultedn lower recognitionword errorrate.

Fasterseggmentationalso provided opportunity (within the 10xRT
limit) to have multiple decodingstageswith refined modelsthat
could leadto betterrecognitionaccurag. Insteadof having only
onedecodingstagein which spealkr/channebdaptednodelscould
only be usedoncein the N-Bestrescoringpassin the 1998 10xRT
systemwe coulddo two decodingstagesn this years systemwith
fastbetween-pasadaptatiorduringthefirst decodingstageandfull
adaptationn thesecondstage.

Similar to last years system,we had anotherset of band-limited
acoustianodelsto handlethetelephonespeeciportionof theevalu-

ationtestset. However, theseacoustianodelswerefurtherrefinedin

thisyears system After obtainingthemodelgtrainedon all acoustic
trainingdataanalyzedwith reducedandwidthwe applieda super

visedMLLR [9] adaptatiorto thesemodelsusingthe subsebf real
telephonespeectdata.

The paperis organizedasfollows. Section2 givesan overvien of

the systemusedfor the 1999 10xRT Hub-4E evaluation. In sec-
tion 3 we discussthe improvementsmadeto the systemsincethe
1998benchmarkalongwith experimentakesults.We finish with a

descriptiorof our 1999Hub-4Eevaluationresultsandthe computa-
tional resourcesisedduringthe evaluationin sectiord.

2. SYSTEM DESCRIPTION

We used200hours(nominal- 140hoursactual)of BroadcasiNews
training datafrom the 1996,1997,and 1998 LDC releaseplus 5

hours of Marketplacedatafrom 1995. The datawas partitioned
by genderto createtwo setsof genderdependen{GD), speakr-

independenSI) modelswithoutregardfor speectconditionor sig-
nal bandwidth.Two correspondingetsof reducecdandwidth(125-
3750Hz) GD, SI modelswerealsocreatedusingthe sametraining
data.

For eachgender we createdthree SI modelsto be usedin our
multiple-passecognizer:

e PTM: 512 Gaussianperphone within-word triphones

e SCTM NX gph: 64 Gaussianper state,3.7K stateswithin-
word quinphones

e SCTMXW gph: 64 Gaussiangerstate 4K statescross-vord
quinphones

We also createdreducedbandwidthPTM, SCTM NX qgph, and
SCTM XW gph modelsfor eachgender (A detaileddescription
of theacoustiomodelsandhow eachmodelis trainedcanbe found
in[3].)

We useda total of 600 million wordsto train the languagemodel.
Thedatawerefrom thefollowing sources:

e 556 million words selectedfrom the LDC official releases
North American News Text Corpus, North American News
Text Corpus (Supplement) and AP Worldstream English, and
the previous releasein 1997. Data prior to 1994 were ex-
cluded. We also excluded datain the previous years test
epochq1996/10/180 1996/11/15andafter1998/02/28).

e 40 million words from in-house data previously obtained
throughPrimarySourceMedia,and

e 4 million wordsfrom the LDC-releasedicoustictraining data
(weightedby a factorof 20).

Theresultinglanguagenodelhad13M bigramsand43M trigrams.



The 1999 BBN BYBLOS 10xRT systemwasrun in threestages:
segmentationfirst decodingstage andseconddecodingstage.

1. Segmentation: We first separatehe testinto wide-bandand
narrav-bandmaterialusingadual-bancphonemelecodefl].
Eachchanneis thennormalizedwith RASTA [4], andadual-
gendemphonemedecoderis appliedto detectgenderchanges
andsilencelocations. Within eachchannel-gendechunk,we
perform speakr changedetection[5], so we endup with an
automaticsegmentatiorthatdefinesspealer turns,alongwith
their genderandchannellabels. Vocal Tract LengthNormal-
ization (VTLN) is thenemplo/edto selectthe optimal stretch
factorfor eachspeakrturn,andthetestmaterialis re-analyzed
using LPC smoothingand non-causatepstralmeansubtrac-
tion. At this stagethe narrav-band-labeledegmentsare an-
alyzedat a reducedbandwidth(125-3750Hz). Finally, the
speakr turns are choppedinto short sgments(averaging4
secondspasednthedetectedsilencelocations.

2. First DecodingStage: The first decodingis carriedout in a
sequencef threepassesvith fastbetween-pasadaptatioras
explainedbelow.

o forwardPTM fastmatch6]

e constrainedMLLR [7] unsupervisedadaptation of
SCTMNX gphmodelsusingthe forward-passiypothe-
sesastranscripts

e backward adaptedSCTM within-word quinphonede-
coding,producinganN-bestlist [8]

e constrainedVLLR unsupervisedadaptationof SCTM
XW gphmodelsusingthetop-1hypothesigrom the N-
bestlist

e adaptedSCTM cross-vord quinphonerescoringof the
N-best,alongwith atrigramlanguagemodelrescoring,
to find the besthypotheses

3. SecondDecodingStage: The besthypothesegroducedby
the first decodingstageare thenusedto adaptthe PTM and
SCTM modelmeanswith 8 transformationsThen,aforward-
backwvard-rescoreascadés run againwith the adaptednod-
elsto producethe systenfinal recognitionoutput.

3. RECENT IMPROVEMENTS
3.1. Fast Segmentation

In the 1998 evaluationwe usedan elaboratesggmentationstratgy
thatemplo/ed a Gl 12-phonedual-banddecodingfor banddetec-
tion, followedby a dual-gendeword decodingfor genderetection
within channelturns. This procedurdeadsto fairly accurateband
andgenderdetection but is too expensve to incorporatein areal-
time recognitionsystem.Evenfor the 10x evaluationcondition,we
hadto sacrificeaccurag by pruningtheword decodingaggressiely
in orderto bringthetotal segmentatiortime down to 1.9 xRT.

Besidesthe timing constraints thereis also the issueof what is

the propercepstralnormalizationmethodto usewhenthe segment
boundariesrenot definedyet. Non-causalCepstraMeanSubtrac-
tion (CMS) performshestwhenappliedto purechannel/speak sey-

ments,andintroduceserrorswhenthe sggmentshave mixed condi-
tions. Also, droppingCMS altogetherresultsin badsilencedetec-
tion andalot of speectdeletions.For all thesereasonsve decided

to usethe RASTA methodfor CMS, which is very robustanddoes
notdependn the sggmentatiorboundaries.

Totesttheefficagy of RASTA phone-classodelsfor segmentation,
we performeda seriesof experimentsonthe 1997Hub-4evaluation
testset,usingSl genderdependentmodelstrainedonapproximately
150hoursof broadcashews. In thoseexperimentsve usedRASTA
not only for the initial test segmentationphone-classnodels,but
for all the modelsusedin later recognitionpasses. The results
areshavn in Tablel, wherewe canseethatthe segmentatiorusing
RASTA contet-independentl2-phonedual-gendemodelis 0.6%
betterthanlastyears 10xRT system$ sggmentation.The lastline
in Table1 shavs the WER obtainedwhenthe true channel/speak
boundariesreusedfor the sggmentationandwhenthe silencede-
tectionis basedn forcedalignmentof thereferencaranscriptawith
the bestcross-voard SCTM models. It is clearthatthe accurayg of
thefastphone-clasRASTA segmentatioris very closeto thatof the
unfair sgmentation.

Sgymentatiormethod | xRT  WER
199810x system 19 188
12-phonedual-gender| 0.2  18.2
unfair sgmentation | N/A  17.7

Tablel: Effectof fastRASTA segmentationband-independent)

We alsotraineda 22-phonedual-banddual-gendemodelin an at-
temptto detectsilence,bandand gendersimultaneously This in-

creasedhecostof sggmentatiorby 0.1xRT, but unfortunatelyintro-

ducedmoresegmentatiorerrors,andtheresultingfER was18.6%.
We triedto fix this problemby separatinghe channefrom thegen-
der detection,usingtwo passe®f phonemedecoding:a first pass
with a 12-phonedual-bandnodel,followedby a seconcpasswith a
12-phonadual-gendemodel. By examiningthe outputof the dual-
bandphonemeecognizerwe foundthatthe channeldetectionwas
not very accurate so we concludedthatit is betterto performthe
channeldetectionon unnormalizedeatures.Table3 shavs there-
sultsusingunnormalizedcepstraor band-detection:

Segymentatiormethod XRT BD models WER
12-phdual-bandt+ 12-phdual-gender| 0.4 no 18.3
12-phdual-band+ 12-phdual-gender| 0.4 yes 17.6

Table2: Effectof fastband/gendedetectiorwith andwithoutband-
specificmodelsin laterrecognitionpasses

Sothe segmentatiorprocedurghatworksbestis:

1. analyzethewaveformto generateepstraor eachframe.

2. decodeusingthe 12-phonedual-bandphone-classnodel, in
orderto obtainchannekchangeboundaries.

3. smoothout phonemedecoderoutput to eliminatetoo short
channeturns.

Iwe laterfoundthattherewasa smallgainfor usingnon-causaCMS on
eachspealer turn afterthe segmentatioris completedsothefinal BYBLOS
systemusednon-causaCMS for theword decodingpasses



4. applyRASTA normalizatiorto the cepstrarom step(1).

5. sggmentthe RASTA inputinto channelturns, as specifiedin
step(3).

6. decodeeachchannelturn usingthe RASTA 12-phonedual-
gendemphone-clasmodel,in orderto obtaingenderchanges.

7. smoothout phonemelecodeputputto eliminateshortgender
turns.

8. runfastspeakr changedetectionwithin channel-gendeurn,
to determinespeakrboundariesanddivideinto spealkrturns.
Thisinformationcanbe usedlaterfor adaptation.

3.2. Fast Adaptation

Adaptationis very desirablen thedesignof areal-timesystempe-
causeit customizeghe acousticmodelsto eachtestspealer, im-
proving both recognitionaccurag and speed.However, whenthe
acousticmodelis very large, the costof adaptations not negligi-
ble, andcanbe broken down into two parts: the costof estimating
thetransformatiorandthe costof applyingthetransformationThe
estimationstagerequiresa forward passto obtaina frameto state
alignmentandaccumulatesufiicient statistics.In thecaseof MLLR,
n matrixaccumulatorareneededwheren is the sizeof thefeature
vector(n = 45 for our system).In orderto speedup the forward
passwe usedthe sameFastGaussiarComputation(FGC) method
thatwe applyduringrecognition.In addition,we wereableto speed
uptheaccumulatiorprocesdy usingaleastsquareriterionto es-
timatethetransformationinsteadof the usualmaximumlik elihood.
ThisLeastSquared.inearRegressiommethod(LSLR) requiresonly
oneaccumulatomatrix, andsuffers only a smalldegradationin ac-
curag, asshavn in Table3.

AdaptationMethod | FGCin fw pass| xRT WER
MLLR no 15 17.0
MLLR yes 1.0 17.0
LSLR yes 06 17.1
constr MLLR yes 15 171
baseconstr MLLR yes 04 17.1

Table 3: Effect of FGC, LSLR andconstrainedMLLR duringthe
estimationof the transformation. The resultsare on h4e97,using
GD RASTA modelstrainedon 140 hours. Timing wasdoneon a
Pentium-11450MHz machine.

Unfortunately thereisn’t muchwe cando to reducethe costof ap-
plying thetransformationThetransformatiormatrix hasto bemul-
tiplied with every Gaussiameanin theacoustionodel,andthis can
bevery costlywhenthemodelis large. It wouldbemuchfasterif we
appliedthe transformatiorto the featuresinstead. This is possible
with the constrainedMLLR adaptationjn which a singletransfor
mationmatrixis usedto adaptoththemeanandvarianceof a Gaus-
sian.In thiscaseijt is equialentto estimateatransformationmatrix
thatis appliedto the obserations. This speedaup the application
of the transformsignificantly but the estimationis very expensve
2. Wefoundthatwe canreducethe costof estimationprocessy at
leastafactorof three by estimatinghetransformatiommatrix based

2A detailedanalysisof the computationatompleity of this methodis
givenin [7]

on the steadystatefeatureparametersnly. In otherwords,we do
not accumulatestatisticsfor the first and secondderiatives of the
baseinput features. Then, the resultingbase-transfornis applied
to boththe steady-statéeaturesandtheir derivatives. Interestingly
thereis no degradationin accurag from usingthis approximation,
asdemonstrate¢h Table3.

The constrainedMLLR resultsreportedin this tablewere obtained
with a singletransformatiormatrix. Contraryto our expectations,
wefoundnoadditionalgainfor usingmorethanonetransformations
with constrainedMLLR. Thus,we decidedto usethis methodonly
during the first decodingstage. In the seconddecodingstagewe
usedLSLR adaptatiorof themodelmeanswith 8 transformations.

3.3. Narrow-Band Model Adaptation

The broadcasthews acoustictraining data containsonly a small
amountof telephonespeech(about8 hoursof maleand3 hoursof
female) soit is notenougtfor traininggenderdependentelephone-
specificmodels.In lastyears systemwe band-limitedall thetrain-
ing datato malke themsoundlik e telephoneandtraineda separate
setof acousticmodels. This yearwe extendedthis ideaa bit fur-
ther, andusectherealtelephondrainingdatafor adaptinghe band-
limited modelswith MLLR. This gave usanextragainonthetele-
phoneconditions(F2 andFX), asshavn in Table4. It is interesting
to seethatadaptingthe widebandmodelsto the realtelephonedata
is slightly betterthanusingband-limitedmodelswithout supervised
adaptation.

Band-Specific Telephone-Adapted F2 FX all
no no 238 324 164
no yes 21.3 30.3| 15.8
yes no 219 30.6| 16.0
yes yes 199 298| 156

Table4: Effectof band-specifiecnodelswith andwithoutsupervised
adaptatiorto real telephoneraining data,on h4e97. Modelswere
trainedon 140hours.

Note that the secondhalf of the acoustictraining transcriptsdoes
not containinformationaboutthe channel,so we hadto detectthe
channelautomatically We did this usingthe samel2-phonedual-
bandphone-classnodelthatwasusedfor channeldetectionduring
thetestsggmentatiorstage.

4. 1999 HUB-4E RESULTS

Table5 shavs the BBN resultson the 199910xRT Hub-4Ebench-
mark. [The Hub-4Eevaluationtestsetin 1999 (h4e99)seemdo be
harderthanthat of the previous year]. We canseethatthe recog-
nition accurayg of thefirst decodingstage(17.9%)is very closeto

thefinal systems performanceaftertwo decodingstageq17.3%).
In otherwords,the systemcanbe configuredo runin lessthanhalf
thetime (i.e. notrunningthe seconddecodingstageasillustratedin

Table7) with atradeof of 3.4%relative accurag degradation.

It is alsointerestingto seetheoverallimprovementof the BBN BY-
BLOS systemin 1999.Usingthetechniqueslescribedn the previ-
oussectionwe wereableto reducethe word errorrateon the 1998
Hub-4Eevaluationset(h4e98)by 14%relative to our 199810x sys-



Stage| FO F1 F2 F3 F4 F5 FX all
1 9.4 17.6 19.1 16.1 15.8 20.6 44.3| 17.9
2 9.1 16.8 18.3 15.6 15.5 19.2 43.1| 17.3

Table5: BBN resultson the 1999Hub-4 10xRT evaluationbench-
mark. The WER is shawvn for both the first and seconddecoding
stages.

tem,demonstrateth Table6 by focusconditions.We canalsosee
thatthe 1999 10x systemachievzesthe sameaccurag asour 1998
primarysystemput runsabout24 timesfaster

Condition | 1998Primary | 199810x | 199910x

FO 9.6 10.3 9.1

F1 14.8 17.0 161

F2 18.6 24.9 189

F3 22.4 22.5 177

F4 21.0 16.5 141

F5 18.4 21.7 217

FX 29.5 29.7 242
Overall 14.8 17.1 147
xRT 2440 10.0 100

Table6: Comparisorof the BYBLOS 1998 and 1999 systemson
h4e98.Timing wasperformedon a Pentium-11450MHz machine.

Computational Resourcesand Timing Information Thecompu-
tationfor this evaluationwasdoneon Intel-based®Cswith 600MHz
Pentium-1IICPUs,1024MBof RAM, and2GB of swapspace.The
operatingsystemwasLinux RedHat4.1 andthecompilerwasGNU
gcc version2.95.1 from the Free Software Foundation. Table 7
shaws timing information for the basicrecognitionstagesof the
199910x systemon the h4e9%testset.

XRT

Sgymentation 1.1
First Decoding 3.1
SecondDecoding| 4.8

Total 9.0

Stage

Table7: Timing informationof the 1999BYBLOS systemon the
h4e99test set, measuredon Pentium-IIl 600MHz PC'’s running
Linux.

5. SUMMARY

We have describedur 1999BYBLOS 10xRT broadcashews tran-
scriptionsystemdeplg/ed in the DARPA 1999Hub-4Ebenchmark
test. Comparedo the previous yeat we achieved a relatve 14%
word errorratereductionwhenrunningat the samespeed 10xRT).
Or equialently we spedup the BYBLOS transcriptionsystemby
a factorof 24 while maintainingthe sameaccurag (14.7%). This

optimaltradeof wasachiezedthroughnot only low level codeopti-
mization, but alsoon higherlevel algorithmicand systemchanges.
We developeda fasterand more accurateseggmentationstratgy in
which only phone-classlecodings needed Banddetectionis best
doneonun-normalizeatepstravhile gendeandsilencedetectioris
moreaccurateon RASTA-normalizedcepstraWe alsodevelopeda
fastadaptatiorapproacthin thefeaturespaceo beusedbetweerde-
coding passes.Adaptationtransformatiommatrix canbe estimated
only from the steady-statéeaturesbut can be appliedto both the
steady-statdeaturesand their derivatives. Narron-bandacoustic
modelstrainedonall trainingdataanalyzedvith reducedandwidth
canbe refinedfurther by applyingsupervisedadaptatiorusingthe
subsebf realtelephonespeectasadaptatiordata.
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